The electrical activity of the brain can be monitored using ElectroEncephaloGraphy (EEG). From the positions of the EEG electrodes, it is possible to localize focal brain activity. Thereby, the accuracy of the localization strongly depends on the accuracy with which the positions of the electrodes can be determined. In this work, we present an automatic, simple, and accurate scheme that detects EEG electrode markers from 3D MR data of the human head.
INTRODUCTION
Over the past few years, interest in combining EEG and MRI has grown considerably. Technical advances in the development of EEG recording systems suited for MRI nowadays even allows simultaneous MRI/EEG acquisition. [1] [2] [3] [4] [5] Due to their complementary strengths, the combination of the two techniques is able to render a new and powerful tool in functional brain research. With functional MRI (fMRI) the localization of activated areas can be determined with very high accuracy. The time resolution of fMRI, however, is rather poor and thereby it is not adequate to fully explore the complex dynamics of neural processes. In contrast to fMRI, the time resolution of EEG is excellent but the resolution of spatial source allocation is low. Therefore, combining these two modalities is helpful in the study of the brain. Indeed, 1. Using the anatomical information from a 3D high resolution MR image allows to build a realistically shaped conductivity model of the head to obtain a more accurate spatial localization of the EEG sources.
2. Combining both the information from functional MRI and from the EEG findings can give more insight into the functioning of the brain.
The first item is constituted of many steps, one of which is detection of the EEG electrodes in the MR image. In this note, we present a practical method for automatic, spatial localization of EEG electrodes in a 3D high resolution MR image.
Previous reported techniques for localization of marked EEG electrodes employed manual as well as (semi-)automatic segmentation. [6] [7] [8] [9] Van Hoey et al. presented a scheme based on correlation with a disc shaped template to detect spherically shaped markers. Thereby, false positives are reduced using shape criteria for the marker candidates. However, still a significant amount of erroneous detected markers remain, such that posterior user interaction is needed. Wang et al. described an automatic scheme for the detection of markers in CT and MR images, which are used for geometrical image registration. 6 A similar technique was employed by Brinkmann et al. for registration of a 3D MR image to data from a magnetic digitizer. 9 In both papers, morphological operations are described to segment the markers from 3D MR data of the human head. One step of the segmentation consists of an opening operation to remove the markers. The resulting mask is then excluded from the marker search space. However, to our experience, that mask is rather poor due to the presence of dark intensity areas within the head, which can only partly be solved by posterior closing operations. In this paper, we show how this step can significantly be improved, by means of a simple modification to the morphological operations. All steps are applied in 3D and are fully automatic.
METHODS

Foreground separation
The first step of the marker detection procedure is thresholding of the 3D MR data set as to separate the foreground from the background. The greylevel threshold value must be chosen as low as possible to ensure selection of all markers. On the other hand, the threshold value should be set as high as possible as to put as many background noise pixels as possible to zero. Clearly, this is an optimality problem, based on the image noise variance which needs to be estimated from the available MR data. In the past, many techniques have been proposed for noise estimation of MR data which are based on finding homogeneous regions 10, 11 or an a double acquisition scheme. 12 In the proposed scheme, the noise is automatically estimated from the histogram of the 3D MR data set (see Fig. 2 ). The histogram is constituted of the Rayleigh distributed image background pixels and the Rice distributed foreground pixels. Thereby, the background's Rayleigh distribution is almost always clearly differentiated from the foreground modes such that the noise standard deviation can directly be derived from the maximum of the Rayleigh distribution. This technique is insensitive to inhomogeneities in the background area. Based on the estimated noise standard deviationσ, the input data is thresholded at 3.5σ, thereby setting 99.8% of the background pixel values to zero. Fig. 3a shows a sagittal slice of the 3D data set, in which two markers are clearly visible. The result of the thresholding is shown in Fig. 3b. 
Morphological operations
Having thresholded the input image and thereby producing a binary image, the next step is to exclude the head area from the non-zero voxels while retaining the marker areas. This is done by means of morphological image operations, which were constructed to act isotropically in three dimensions. Therefore, prior to the morphology, the image data set is resampled to obtain a spatially isotropic data set. The applied morphological operations consist of a masked erosion after a closing operation, followed by an opening.
closing The thresholding does not turn the whole head area into foreground voxels due to the presence of low intensity areas such as the skull or sinuses. In order to fill the interior of the head, a 3D closing operation was performed with a 26-connected neighbourhood (i.e., a number of dilations, followed by an identical number of erosions). The result is shown in Fig. 3c . The figure clearly shows that the void head areas are filled, but also that the markers are merged with the head area.
masked erosion To recover the marker disconnection without affecting the closing result within the head area, a number of 3D erosion operations was applied during which the original binary image (Fig. 3b) was kept fixed. The result of this stage can be appreciated from Fig. 3d .
opening Owing to the previous step, segmentation of the markers becomes obvious. Indeed, application of a 3D opening operation now results in the removal of the markers (see Fig. 3e ). This is the head mask that should be excluded from the marker search space.
Marker localization
The morphological operations lead to a mask that, after inversion, is logically multiplied with the input image. All remaining objects are then labeled and subjected to selection criteria such as the minimum and maximum number of voxels, average intensity, spatial distribution, etc. This step removes spurious noise pixels and non-spherical objects such as parts of the ear or MRI artifacts. Final spatial coordinates {x c j } of the markers are obtained by computing the intensity weighted centroids 6 :
where I i denotes the magnitude intensity of voxel i within the marker. Note that I 2 i is subtracted by 2σ 2 to reduce the bias introduced by the Rice statistics of the magnitude data.
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3D MR images were acquired of a human head on which various electrodes were attached, marked with 27 spherically shaped Vitamin A markers (Lambo, 8 mm) . The morphological part of the marker detection scheme leads to a mask containing the full head area within the skin, hence leading to a reduced risk of wrongly localized EEG electrodes. The fact that during the erosion stage the original thresholded image was kept fixed, is an important difference compared to a conventional closing operation. Such a closing operation would not be able to isolate the electrode markers but would lead to merging of the markers with the head area. Concerning computational requirements, the morphological operations were efficiently implemented using border queues. Thereby, only voxels lying on the border were processed and neighboring voxels affected by the operation were added to the queue. The whole procedure took about 80 seconds on a Pentium 400 MHz. Application of the above marker detection scheme revealed detection of all markers fully lying within the data set. Markers partially contained within the data set were not always detected. The percentage of false positives was less than 2%.
CONCLUSIONS
In this work, a simple and automatic scheme was presented for the detection of spherically shaped markers within a 3D MRI data set. A small number of false positives could be obtained by reduction of the marker search space using morphological image operations. 
